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Reproductive traits as number of piglets born (NPB) and weaned (NWP) are directly
related to the economic efficiency of swine production systems. Pig breeding programs
seek to increase the number of weaned piglets per sow per year, and the NPB is among the
factors that directly and indirectly influence the NWP. Thus, multi-trait evaluations are
essential to estimate heritabilities and mainly genetic correlations between these traits
over different farrowing orders. In general, Gaussian linear mixed models have been used
to genetic evaluation of litter traits; however since these traits are characterized as count
variables, Poisson models are also indicated. Some studies were carried out using Poisson
mixed models in the area of Animal Breeding and Genetics, but they do not point out for a
multi-trait scenario, as it should be for litter size at birth and weaning. Toward this
orientation, we aimed to apply a multi-trait Poisson mixed model (MPM) for the genetic
evaluation of the number of born and weaned piglets under a Bayesian framework. It was
aimed also to compare the proposed model with the traditional multi-trait Gaussian
model (MGM) by using posterior based goodness-of-fit measures. Two-trait analyses for
NPB and NWP were performed separately by each considered farrowing order (first,
second and third) using MPM and MGM fitted to data from a commercial Landrace
population. Based on DIC (Deviance Information Criterion) and PMP (Posterior Model
Probability) values, the MGM outperformed the MPM, but the genetic parameter and
breeding values provided by both models were consistent and similar over the three first
farrowing orders. Bayesian generalized a multi-trait mixed model approach is feasible for
genetic evaluations in the animal breeding context and can be an alternative method for
genetic evaluations assuming non-Normal phenotypes.
& 2015 Elsevier B.V. All rights reserved.
Table 1
Total number of individuals, the phenotypic mean and the coefficient of
variation (CV) for the number of piglets born (NPB) and weaned (NWP)
per farrowing orders (1, 2 and 3).
Farrowing Traits Number of individuals Mean CV (%)
First NPB 557 10.59 22.78
NWP 553 9.66 25.49
Second NPB 422 10.68 26.05
NWP 411 10.01 26.59
Third NPB 348 11.22 23.79
NWP 349 10.52 25.13
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Reproductive traits are directly related to the economic
efficiency of swine production systems. The reproductive
performance of animals is critical to efficiency and profit-
ability in both breeding stock and commercial herds.
Pig breeding programs seek to increase the number of
weaned piglets per sow per year (Imboonta et al., 2007),
and the number of piglets born is among the factors that
directly and indirectly influence the number of weaned
piglets (Pires et al., 2000; Damgaard et al., 2003). Thus,
genetic gains in litter size at weaning can be supported by
selection strategies based on estimating genetic correla-
tion with litter size at birth.
Historically, litter traits have mostly been evaluated
using methodologies based on Gaussian linear mixed
models (Holm et al., 2005; Serenius et al., 2008; Kapell
et al., 2011). However, according to Foulley et al. (1987)
and Tempelman and Gianola (1993), count reproductive
traits such as litter size could be analyzed using a Poisson
model, once the conditional distribution of embryo yield
(in function of ovulation rate) is characterized as a Poisson
process. Under these conditions, the authors found that
the Poisson model led to better parameter estimates in
comparison with a traditional Gaussian linear model. On
the other hand, the Poisson model did not improve upon
the Gaussian model in goodness of fit in a study of litter
size in pigs (Perez-Enciso et al., 1993). Although these
seminal studies have been extremely important to the
dissemination of Poisson mixed models, they do not point
out for analyses involving more than one trait. Thus,
research developments related to the application and
comparison of multi-trait Poisson mixed models for count
traits, as litter size at birth and weaning, are justified and
deserve attention in the field of animal breeding and
genetics.
Since multi-trait Poisson mixed models are very com-
plex to be fitted by the traditional REML method, Hadfield
and Nakagawa (2010) proposed an alternative Bayesian
approach via Markov chain Monte Carlo (MCMC) sampling
based on the conditional probability distribution of latent
variables, which in this case are the canonical parameters
(mean) of the Poisson distributions. Under this viewpoint,
other discrete distributions like Binomial, Geometric and
zero-inflated Poisson (ZIP), among others, can be extended
to the context of multi-trait mixed models. The authors
applied these models to comparative biology analysis
(phylogenies and taxonomies), in which the covariance
matrix of random effects is named phylogenetic matrix.
Thus, the replacement of this matrix by the traditional
pedigree relationship matrix is presented as an alternative
approach to fit generalized multi-trait mixed models in the
field of quantitative genetics and animal breeding.
The present study aimed to apply a two-trait Poisson
mixed model for the genetic evaluation of the number of
born and weaned piglets from a Bayesian perspective. It was
aimed also to compare the proposed model with the
traditional multi-trait Gaussian model by using posterior
based goodness-of-fit measures.2. Material and methods
2.1. Data origin and structure
The data used in the present study originated from
Landrace pigs produced by a farm located in the state of
Santa Catarina, southern Brazil. The following traits were
analyzed: number of born (NPB) and weaned (NWP) piglets
in the first, second and third farrowing. No crossfostering
technique was used in this farm. Usually, the crossfostering is
applied to obtain litters with a similar number of piglets or
with homogeneous weight, which increases the survival and
weight gain of piglets until weaning (Bierhals et al., 2012).
However, the use of this technique implies in unrealistic
genetic parameters (heritabilities and genetic correlations)
estimation for NPB and NWP (Roehe and Kennedy, 1995).
Fifteen contemporary groups were formed based on the
year and the farrowing season, being groups with fewer
than five observations removed from the database. Table 1
summarizes the total number of individuals, the mean and
the coefficient of variation for the analyzed traits in each
farrowing.2.2. Statistical analysis
Two-trait analyses for NPB and NWP were performed
separately by each farrowing using multi-trait Poisson
(MPM) and Gaussian (MGM) models via MCMC Bayesian
approach.
The MPM in (1) was implemented following the metho-
dology proposed by Hadfield and Nakagawa (2010), which is
based on the latent variable generalized linear mixed model
given by
l ¼ Xβ þ Zaþ e; ð1Þ
where l is the vector of a latent variable for each trait (NPB and
NWP), which is introduced by means of the canonical para-
meter (often called the rate or mean parameter) of the Poisson
distribution and the link function on the log scale,
i.e., y1i  Poiðλ1 ¼ expðl1iÞÞand y2i  Poiðλ2 ¼ expðl2iÞÞ, where
i¼1,2,…,Nj, being Nj the number of observation for each trait j
(j¼1 and 2); exp is the inverse link function; and λ1 and λ2 are,
respectively, the canonical parameter of the Poisson distribu-
tion for traits 1 (NPB) and 2 (NWP). Thus, the vector of latent
variables assumes a multivariate normal distribution,
lj β;a;G0;R0 NðXβþZa;R0  IÞ:
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random additive genetic effects, respectively;
β is the vector of systematic effects (contemporary
group), β  Nð0;PβIÞ, being Pβ a known diagonal
matrix with values 1eþ10 (large variances) to repre-
sent vague prior knowledge;
a is the vector of random additive genetic effects,
whose assumed the following prior distribution:
aj G0;A  Nð0; G0  AÞ, being A the additive relation-
ship matrix among the animals and G0 is the addi-
tive genetic variance-covariance matrix, G0 ¼
σ2a1 σa12
σa12 σ
2
a2
" #
:where σ2ai is the additive genetic variance
of ith trait and σaij is the additive genetic covariance
between traits i and j. Furthermore, it was assumed
that G0 follows an invertedWishart distribution, IW (va,
Va), with hyperparameters va¼2 (i.e., the number of
traits) and Va ¼ G^0REML (i.e., the REML estimate for G0
when using the traditional multi-trait Gaussian model
by using the REMLF90 software);
e is the vector of random errors, assumed as
ej R0  Nð0; R0  IÞ, where I and R0 are, respectively,
an identity and residual covariance matrices,
R0 ¼
σ2e1 σe12
σe12 σ
2
e2
" #
, where σ2ei is the residual variance of
ith trait and σeijis the residual covariance between traits
i and j. Similarly as assumed for G0, R0  IWðve;VeÞ, being
the hyperparameters specified analogously.Table 2
Deviance information criteria (DIC) and model posterior probability
(MPP) for the Gaussian and Poisson multi-trait models for the number
of piglets born (NPB) and weaned (NWP) in the first, second and third
farrowings of Landrace pigs.
Farrowing orders
First Second Third
Two trait model DIC MPP DIC MPP DIC MPP
Gaussian 4400.9 0.970 3297.0 0.99 2615.7 0.85
Poisson 4407.7 0.030 3305.7 0.01 2619.1 0.15The MGM in (2) assumes the same expectation of MPM,
being the main difference between MGM and MPM the
dependent variable, that in this case is given directly by
observed phenotypes (y) instead latent variables (l) as
assumed in MPM:
y¼ XβþZaþ e; ð2Þ
Thus, the data distribution for the Gaussian model
is yj β; a;G0;R0 NðXβ þ Za;R0  IÞ; but for the unknown
parameters (β; a; G0;R0), the models (1) and (2) share the
same prior distributions. Therefore, in agreement with
Hadfield and Nakagawa (2010), for MPM the conditional
probability of the latent variables (considering l1i and l2i
together) is proportional to the product of three densities:
the Poisson density of y1i given l1i, the Poisson density of y2i
given l2i, and the density of the residuals vector (ei). This
distribution is given by: Pðljy; β;a;G0;R0Þ p∏Ni ¼ 1Piðy1i
jliÞPiðy2ijliÞPðeijR0Þ:
In model MPM the vector of latent variable (l) is now
considered also as unknown parameter, do not having a
recognizable conditional distribution, implying the adop-
tion of the Metropolis–Hastings algorithm to generate
samples of posterior distribution for l. For the other
unknown parameters (β; a;G0;R0), given the closed form
of conditional posterior distributions, the Gibbs sampler
algorithm was used. For the MGM, the link function is
always the identity function and so the Metropolis–Hast-
ings steps are always omitted. Both models were imple-
mented in the MCMCglmm package (Hadfield and
Nakagawa, 2010) of R software (R Development CoreTeam, 2014) using the options pedigree¼c(“poisson“, “pois-
son“) or pedigree¼c(“gaussian“, “gaussian“), respectively. In
both models, the inverse of the relationship matrix (A) was
included in the analysis by using the ginverse option.
The posterior marginal distribution samples for herit-
ability and genetic correlations were obtained from the
variance components estimates generated in each MCMC
iteration (k) as follow: h2ðkÞ1 ¼ σ2ðkÞa1 = σ2ðkÞa1 þσ2ðkÞe1
 
and
rðkÞa12 ¼ σðkÞa12=
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
σ2ðkÞa1 σ
2ðkÞ
a2
q
: A total of 4,000,000 samples were
generated, assuming a burn-in period and sampling inter-
val (thin) of 2,000,000 and 50 iterations, respectively. The
convergence of the MCMC chains was verified by the
Geweke criterion (Geweke, 1992) using the function
geweke.diag of coda package (Plummer et al., 2006) and
also by visual inspection of the chains and Monte Carlo
Error magnitude. This larger number of iterations was
required due to the complexity of MPM and the small
sample size.
The MPM and MGM were compared based on the
Deviance Information Criterion (DIC) developed by
Spiegelhalter et al. (2002): DIC ¼DðθÞþ2pD, where DðθÞ is
a point estimate of the deviance obtained by substituting
the parameters by their posterior means estimates in the
likelihood function. i.e. DðθÞ ¼ 2 logðPðljy; β^; a^; G^0; R^0ÞÞ;
and pD is the effective number of parameters in the model.
The idea is that models with smaller DIC should be
preferred to models with larger DIC. In order to facilitate
the interpretation of the DIC values in terms of the super-
iority of one model over another, the model posterior
probabilities (MPP) were calculated from DIC using the
approximation presented by Silva et al. (2011), which is
given by
pðMt jlÞ ¼ exp Δt=2
 
=
X2
t ¼ 1
exp Δt=2
 
;
t ¼ 1 ðMPMÞ and 2 ðMGMÞ
where pðMt jlÞis the posterior probability of model t, Δt is
the DIC difference between model t and the best model
(that present smaller DIC). The Δtvalue for the best model
is equal to zero.
Spearman's rank correlation coefficients between the
genetic values predicted with the MPM and MGM were
obtained. The percentage of individuals in common
selected at two different percentiles (10% and 50%) based
on both models used in the analyses was also obtained and
compared.
Table 3
Posterior means, standard deviations (SD), lag correlations (r-Lag50), MC errors and Geweke p-values for heritabilities (h2) and genetic correlations (r) for
the number of piglets born (NPB) and weaned (NWP) in the first, second and third farrowings obtained from the Gaussian and Poisson multi-trait models.
Model Farrowing Parameter Mean SD r-Lag50 MCerror Geweke
Gaussian First h2 NPB 0.13 0.05 0.0360 0.0032 0.8412
h2 NWP 0.18 0.06 0.0261 0.0030 0.8198
rNPBNWP 0.83 0.19 0.0061 0.0032 0.8996
Second h2 NPB 0.11 0.05 0.0143 0.0041 0.2490
h2 NWP 0.14 0.05 0.0105 0.0038 0.2298
rNPBNWP 0.84 0.16 0.0016 0.0023 0.4897
Third h2 NPB 0.12 0.06 0.0083 0.0037 0.3591
h2 NWP 0.14 0.06 0.0008 0.0035 0.3374
rNPBNWP 0.86 0.14 0.0031 0.0019 0.8422
First h2 NPB 0.13 0.02 0.0010 0.0001 0.7858
Poisson h2 NWP 0.21 0.03 0.0022 0.0002 0.4871
rNPBNWP 0.85 0.18 0.0031 0.0004 0.3408
Second h2 NPB 0.13 0.02 0.0087 0.0001 0.7997
h2 NWP 0.16 0.03 0.0012 0.0002 0.4388
rNPBNWP 0.89 0.18 0.0049 0.0003 0.0503
Third h2 NPB 0.13 0.02 0.0029 0.0001 0.9950
h2 NWP 0.17 0.03 0.0056 0.0002 0.3445
rNPBNWP 0.86 0.19 0.0019 0.0004 0.9673
Fig. 1. Spearman correlations and the percentage of selected individuals in common considering the percentiles 10% (a, b) and 50% (c, d) between genetic
breeding values predicted from Gaussian and Poisson models for number of piglets born (NPB) and weaned (NWP).
H.T. Ventura et al. / Livestock Science 176 (2015) 47–5350
H.T. Ventura et al. / Livestock Science 176 (2015) 47–53 513. Results
Table 2 presents the comparison evaluators (DIC and
MPP) for Gaussian and Poisson multi-trait models for the
number of piglets born and weaned considering three
different farrowing orders. For all evaluated farrowings,
the DIC values were smaller when using the Gaussian
model, being the difference in relation to Poisson model
(i.e., DICPoissonDICGaussian) values equal to 6.8, 8.7 and 3.4,
respectively for the first, second and third farrowing
orders. According to Spiegelhalter et al. (2002), models
with differences in DIC values lower than 2 need to be
considered as equally well, while models with values
ranging within 3 and 7 have considerably less support.
Thus, using these DIC difference values as reference, it is
possible to indicate the superiority MGM over MPM.
Furthermore, in order to avoid this subjectivity in terms
of reference values varying between 3 and 7, the posterior
probability of each model was also calculated. Under this
approach, given the highest probability values presented
in all farrowing orders, we can see clearly the superiority
of MGM.
The genetic parameter estimates (posterior means)
with respective standard deviations, and MCMC chains'
performance evaluators (lag correlation, Monte Carlo error
and Geweke's convergence criterion) are shown in Table 3.
Although the MGM has been chosen as the most indicated
for multi-trait genetic evaluation in all farrowings, this
table also provides estimates from MPM, which enable to
compare the effect of data distribution in the parameter
estimates. There are reasons to believe that all MCMC
chains converged according to Geweke's test (H0: different
parts of the MCMC chain are from the same distribution,
i.e., stationarity of the chain), since there was not sufficient
evidence to reject the null hypothesis (H0) according to the
pre-defined criterion (p40.05). This fact is ratified by the
low values of the Monte Carlo error, and the low values for
r-Lag50 (lag correlation between each 50 equally spaced
iterations) means that the sampling interval (thin)
assumed in this study (50 iterations) were sufficient to
produce non-correlated MCMC samples. In general, the
genetic parameter estimates obtained from both models
were slightly different among the two models and three
farrowing orders (Table 3), but it is worth highlighting that
the heritability estimates for the number of weaned piglets
were slightly greater than those for the number of piglets
born in the three farrowing orders.
Fig. 1 shows the Spearman (rank) correlation and the
percentage of selected individuals in common (considering
different percentiles, 10% and 50%) between genetic breed-
ing values predicted from Gaussian and Poisson multi-trait
models. Once all correlations are higher than 89%, and the
percentage of individuals selected in common ranged from
76% to 95%, we can infer that the data distribution had
small effect in the identification of the best animals in this
population.
4. Discussion
The DIC and PMP values reported in this study (Table 2)
indicate that the multi-trait Gaussian model (MGM) is themost appropriate for obtaining the posterior distributions
of heritabilities and genetic correlations for the number of
piglets born (NPB) and weaned (NWP) piglets in the first,
second and third farrowing orders. Thus, although these
phenotypes are characterized as a counting discrete vari-
able (number of piglets), the Gaussian distribution better
described the behavior of these traits compared to the
Poisson distribution.
Initially, we might think that this Gaussian superiority
can be explained by the fact that the Poisson distribution is
asymmetric and skewed right, and even though it is
continuous, the symmetry of the Gaussian distribution
ensured the best fit, most likely because it was more
consistent with the observed distribution of the sample
data. However, if the Poisson mean is sufficiently high, this
distribution asymptotically approaches a Gaussian distri-
bution with the same mean and variance. Table 1 brings
the observed phenotypic means, which is around ten,
value for which the skewness is not dramatic, and Gaus-
sian and Poisson distributions are similar (Fig. 2 at
Supplementary materials). When considering other phe-
notypes, like pig mortality (number of dead animals) in
which the phenotypic means is low (expected to be
around zero), discrete distributions like Poisson, Binomial
and its generalizations with zero excess (zero inflated)
outperformed the Gaussian model (Varona and Sorensen,
2010).
Other explanation is that the Poisson distribution
assumes the mean equal to its variance, a condition that
may not have been met when using the study data. Thus,
for further studies, possibly it would be interesting to
consider other distributions for discrete random variables
for which this assumption would not need to be met (i.e.
assuming heterogeneity of variance), such as the negative
binomial (Varona and Sorensen, 2010) and generalized
Poisson distributions. However, an extra explanation can
be given not by the heterogeneity of variance per se, but
by the fact that the specific value of the mean (around ten)
implies in a coefficient of variation (CV) around 32%
(because mean and variance are equal to 10). From
Table 1, we can note that the phenotypic CV is between
22% and 26%; thus the Poisson distribution cannot express
a distribution centered at 10 with variance, for example,
equal 5, that results in CV¼22.4% (closed to the observed
in Table 1). Maybe it gets even worse after the model is
fitted, especially when the systematic and genetic effects
explain a relevant part of the overall variability. It gets
worse because phenotypes are expected to show even
(and considerably) less variability conditionally on sys-
tematic and genetic effects, but the expected values would
remain around ten. On the other hand, the Gaussian mixed
model have no problems in expressing a distribution
centered in 10 with variance smaller than 10, for example
5 as showed earlier, thus fitting better to the original
phenotypes.
Nevertheless, it is worth emphasizing the importance
of the proposed multi-trait Poisson mixed model in the
context of animal breeding, since it is a pioneer approach
that can be extended for other non-Normal distributions
under a generalized mixed models viewpoint. Even when
using the Hadfield and Nakagawa (2010) Bayesian method
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combine two or more different distributions in a multi-
trait mixed model, for example, assuming one trait as
Gaussian and other as Poisson distribution.
In general, the heritability estimates for NPB and NWP
obtained from both models (Gaussian and Poisson) for the
first, second and third farrowings (Table 3) were similar to
those found in the literature (Chen et al., 2003; Su et al.
2007; Lourenc ̧o et al., 2008; Kapell et al., 2009; Ziedina
et al., 2011). The heritability estimates for NWP were
slightly higher for litter size at weaning compared to the
number of piglets born in the three farrowing orders
analyzed, and these small differences between the herit-
ability estimate values may imply that selection applied to
one or the other of these traits would not result in a
significantly different response. In the studies performed
by Su et al. (2007), Lourenço et al. (2008) and Ziedina et al.
(2011), the heritabilities obtained by using restricted
maximum likelihood (REML) were observed to be slightly
higher for the number of weaned piglets in Landrace sows
than for the number of piglets born, as observed in the
present study. On the other hand, Kapell et al. (2009) using
Gaussian univariate Bayesian models reported that the
heritability for NWP was slightly lower than obtained for
NPB in Large White pigs.
The high genetic correlations (Table 3) between the two
traits in the first three farrowing orders indicate that, in
most cases, these traits are controlled by the same genes
or gene combinations, implying in selection for an
increased number of piglets born would result in genetic
gain for the number of weaned piglets. A genetic correla-
tion estimate between the number of piglets born and the
number of weaned piglets equal to 0.72 was obtained via
REML by Su et al. (2007). However, it is important to
emphasize that continuous selection for number of piglets
born may result in a significant increase in pre-weaning
piglet mortality by causing increased variability in piglets'
weight, among other effects (Marchant et al. 2000; Lay
et al. 2002). Therefore, when establishing selection strate-
gies for litter size, the genetic associations between the
selected trait and the survival of pre-weaning piglets
should be considered. According to Su et al. (2007),
selection for the number of piglets born would result in
a better indirect effect on the number of weaned piglets if
that selection was based on the number of piglets surviv-
ing on the fifth day after birth. The authors observed that
there is a positive genetic correlation between number of
piglets on day five and survival. Thus, selection for litter
size on the fifth day appears to be a viable alternative to
selection for increased litter size at weaning.
Based on the observed rank correlation values (Fig. 1), it is
possible to infer that there is a high association between the
classifications of the animals evaluated under Gaussian and
Poisson models in all farrowing orders for both traits (NPB and
NWP) analyzed in this study. When observing the percentage
of common selected individuals in both models (b and d), it
was possible to infer that a considerable fraction of individuals
would be selected independently of the model chosen. Thus,
we believe the genetic gains for the evaluated traits could be
similar, although the DIC and PMP have indicated that Gaussian
model outperformed the Poissonmodel in the present study. Insummary, for these two reproductive traits, both models
resulted in genetic parameters estimates consistent with spe-
cialized literature, and provided closed predictions of genetic
breeding values, which leads us to think that there is no
advantages in assuming Poisson distributions for these repro-
ductive traits. On the other hand, statistical and computational
tools applied here deserve merits and can be used for other
problems in animal breeding involving simultaneous genetic
analysis of traits with non-Normal distributions.
5. Conclusions
The superiority of multi-trait Gaussian (MGM) over the
multi-trait Poisson (MPM) model for the simultaneous
genetic analysis of the number of born and weaned piglets
in the present Landrace population was supported by DIC
(Deviance Information Criterion) and PMP (Posterior
Model Probability) values. Notwithstanding the superior-
ity of MGM, the genetic parameters and breeding values
provided by both models were consistent and similar over
the three first farrowing orders. Bayesian generalized
multi-trait mixed model approach is feasible for genetic
evaluations in the animal breeding context and can be an
alternative method for genetic evaluations assuming non-
Normal phenotypes.
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